The aim of this study was to investigate the interplay between structural connectivity and cortical demyelination in early multiple sclerosis. About 27 multiple sclerosis patients and 18 age-matched controls underwent two MRI scanning sessions. The first was done at 7T and involved acquiring quantitative T 1 and T 2 * high-resolution maps to estimate cortical myelination. The second was done on a Connectom scanner and consisted of acquiring high angular resolution diffusion-weighted images to compute white matter structural connectivity metrics: strength, clustering and local efficiency. To further investigate the interplay between structural connectivity and cortical demyelination, patients were divided into four groups according to disease-duration: 0-1 year, 1-2 years, 2-3 years, and >3 years. ANOVA and Spearman's correlations were used to highlight relations between metrics. ANOVA detected a significant effect between disease duration and both cortical myelin (p 5 2 3 10
Research (Tobias Granberg); NMSS fellowship (Elena Herranz), Grant/Award Number: FG-1507-05459 between cortical myelin loss and changes in white matter connectivity in early multiple sclerosis was detected. These changes in network organization might be the result of compensatory mechanisms in response to the ongoing cortical diffuse damage in the early stages of multiple sclerosis.
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| I N TR ODU C TI ON
Multiple sclerosis (MS) is an inflammatory and neurodegenerative disease of the central nervous system characterized by white matter (WM) demyelination (Noseworthy, Lucchinetti, Rodriguez, & Weinshenker, 2000; Poonawalla et al., 2008) . Indeed, it has traditionally been regarded as a primarily WM disease. However, thanks to advances in immunopathology and magnetic resonance imaging (MRI), it is becoming clear that there is also extensive involvement of deep and cortical gray matter (GM) in multiple sclerosis (Pirko, Lucchinetti, Sriram, & Bakshi, 2007; Pitt et al., 2010; Kilsdonk et al., 2016) . The hallmark of the cortical pathology is demyelination, frequently associated with microglial activation, axonal transection, and neuronal and synaptic loss (Peterson, B€ o, M€ ork, Chang, & Trapp, 2001; Wegner, Esiri, Chance, Palace, & Matthews, 2006) . Over the past decade, a number of MRI studies have attempted to clarify the role of cortical demyelination from the earliest stages of multiple sclerosis, but conventional MRI methods lack the necessary sensitivity (Lucchinetti et al., 2011) . This lack of sensitivity of MRI to cortical demyelination in the early stages of the disease is due, in part, to the different pathophysiology of the GM compared with the WM lesions, their small size, and the relatively weak MRI contrast between demyelinated cortex and adjacent normal-appearing cortical tissue (Trapp et al., 1998; Wegner et al., 2006) . Advances in ultra-high-field MRI have demonstrated that dedicated imaging protocols, including gradient echo (GRE) T 2 * protocols, can significantly improve in vivo visualization of cortical demyelinating lesions in multiple sclerosis (Cohen-Adad et al., 2011; Mainero et al., 2009) , and that the use of quantitative T 2 * to map cortical integrity as a function of cortical depth can reveal changes in myelin content beyond visible focal cortical lesions Mainero et al., 2015) . These findings have been corroborated by histopathological-MRI correlations in ex vivo samples from patients with multiple sclerosis imaged at 7T (Kilsdonk et al., 2016; Pitt et al., 2010) .
Despite its sensitivity to myeloarchitecture, T 2 * is influenced by several confounds, such as B0 field inhomogeneities (Hernando, Vigen, Shimakawa, & Reeder, 2012) , fiber orientation with respect to B0 (CohenAdad et al., 2012) , and iron levels in tissue (Fukunaga et al., 2010) .
Hence, combining T 2 * with another measure sensitive to myelin would allow greater confidence in assessing the degree of myelination. The MRI longitudinal relaxation time, T 1 , has been shown to be closely related to myelin content in vivo (Koenig, Brown, Spiller, & Lundbom, 1990 ) and ex vivo (Mottershead et al., 2003; Schmierer, Scaravilli, Altmann, Barker, & Miller, 2004) , showing for example a high correlation (r 5 .89) with myelin content in fixed brain tissue (Schmierer et al., 2008; St€ uber et al., 2014) . Recently, high-resolution T 1 maps were used to study the myeloarchitecture of the entire cortical ribbon (Lutti, Dick, Sereno, & Weiskopf, 2014; Sereno, Lutti, Weiskopf, & Dick, 2013) .
In the present study, we combined T 2 * and T 1 cortical mapping in order to extract the shared myelin-related signal and thus create a composite map called the combined myelin estimation (CME) map. The CME map has been shown to be more specific to myelin than either T 2 * or T 1 maps alone (Mangeat, Govindarajan, Kinkel, Mainero, & CohenAdad, 2015a; Mangeat, Govindarajan, Mainero, & Cohen-Adad, 2015b ).
Growing understanding of normal brain network organization has made it possible to measure network changes in neurological diseases such as multiple sclerosis (Stam, 2014) . The development of sophisticated post-processing methods, such as diffusion tensor imaging (DTI)-based fiber tractography, has driven the development of structural connectivity techniques, which serve to define and quantify anatomical links between GM regions via WM fiber pathways (Guye, Bettus, Bartolomei, & Cozzone, 2010) . DTI-based evaluation of structural network connectivity showed that a reduction of network efficiency in multiple sclerosis patients correlated significantly with physical disability, disease duration, and total WM lesion load (Li et al., 2013; Shu et al., 2011) .
The pathological interactions (e.g., involving demyelination, axonal injury, and repair) in the early stages of multiple sclerosis are still largely unknown (Llufriu et al., 2017) . Thus, characterization of the brain's structural network might improve our understanding of the early pathophysiology of this disease. Network science and graph theory applied to diffusion MRI data offer powerful tools for mapping and predicting patterns in pathophysiological progression (Fornito, Zalesky, & Breakspear, 2015) , while quantitative T 1 and T 2 * provide robust estimators of cortical myelin content (Cohen-Adad et al., 2012; Deistung et al., 2013; Dinse et al., 2013; Lutti et al., 2014; Mainero et al., 2015) .
In this study, we set out to investigate the potential interplay between cortical demyelination and abnormalities in structural connectivity. We hypothesized that cortical demyelination is associated with disrupted structural connectivity in early multiple sclerosis.
| M ET HOD S

| Subjects
This cross-sectional study included 27 subjects with relapsing-remitting multiple sclerosis (RRMS) [age 5 39.0 6 7.8 years, 22 females; mean disease duration 2.5 6 1.0 years; median Expanded Disability Status Scale (EDSS) score 5 1 (range 0-4); mean Multiple Sclerosis Severity Scale (MSSS) score 5 3.6 6 2.2)] and 18 healthy controls (age 5 38.0 6 11.2 years, 10 females). Table S1 in the Supporting Information shows the demographics and clinical characteristics of all the participants with multiple sclerosis.
The general inclusion criteria were: age between 18 and 60 years, no significant medical history (other than multiple sclerosis for the patients) and absence of MRI contraindications. The patients' eligibility criteria included a diagnosis of RRMS (Lublin et al., 2014; Polman et al., 2011 ) with a disease duration 5 years, use of stable diseasemodifying treatment or no treatment for at least 3 months, no clinical relapse within the 3 months prior to enrolment, and no corticosteroid use for at least 1 month prior to enrolment.
Informed consent was obtained from each participant in this study, and the protocol was approved by the local ethics committee.
| MRI data acquisition
All participants were scanned on a 3T whole-body scanner (Siemens Healthcare, MAGNETOM CONNECTOM, maximum gradient strength per channel 5 300 mT/m, 64-channel head coil) to obtain measures of structural connectivity from diffusion-weighted images (DWIs, single refocusing spin echo echo-planar imaging sequence, 1.5 mm isotropic, TR 5 8,800 ms, TE 5 57 ms, d 5 12.9 ms, D 5 21.8 ms, 3 shells: 1k/5k/ 10k s/mm 2 , number of directions: 64/128/128, total TA 5 53 min). In addition to the diffusion protocol, a T 1 -weighted image was acquired at 3T for cortical surface reconstruction using a multi-echo MPRAGE (magnetization prepared rapid acquisition GRE) sequence (1 mm isotropic, TR 5 2530, TE 5 [1. 15, 3.03, 4.89, 6 .75] ms, TI 5 1,100 ms) (Van der Kouwe, Benner, Salat, & Fischl, 2008) . Finally, a fluid-attenuated inversion recovery (FLAIR) image (1 mm isotropic, TR/TE/TI 5 5,000/393/ 1,800 ms) was acquired at 3T in order to segment the WM lesions. The diffusion volumes of three multiple sclerosis patients could not be used due to strong motion artifacts (N 5 2) or technical issues during the diffusion scan (N 5 1). Hence, a total of 24 multiple sclerosis patients and 18 healthy controls (HC) were further considered for the 3T analysis.
Most of these participants underwent another scanning session a maximum of one week later. This was performed on a 7T whole-body scanner (Siemens Healthcare, Erlangen, Germany) using a 32-channel receive head coil. The protocol included a GRE sequence to compute T 2 * maps (0.5 mm isotropic, TR 5 3,680 ms, TE 5 3.12 1 3.32 * [1.6] ms, 6 echoes, TA 5 40 min) and a dual magnetization-prepared rapid GRE sequence (MP2RAGE, (Marques et al., 2010) ) to compute T 1 maps (0.75 mm isotropic, TR/TE/TI 5 5,000/2.93/[900-3,200] ms, flip angles 5 48 and 58, TA 5 10 min). Not all the baseline participants could be scanned: two multiple sclerosis patients and one healthy control did not fit inside the coil, while two patients and four healthy controls dropped out of the study. Furthermore, the scans of a further five multiple sclerosis patients had to be discarded due to strong motion artifacts either during the T 1 or the T 2 * acquisitions. Hence, a total of 18 multiple sclerosis patients and 13 healthy controls were included in the 7T analysis.
Lesions were manually segmented on the basis of the consensus of two experienced raters (A.C.T. and C.M.). Cortical lesions were segmented on 7T images and classified as intracortical or leukocortical as previously detailed The cortical surface of each subject was extracted using FreeSurfer 5.3.0 (http://freesurfer.net) from the 3T T 1 -weighted images after correction for gradient nonlinearity-induced distortions. We used the 3T rather than the 7T images because the 7T scanner produced more B11 inhomogeneities, potentially yielding more errors in the segmentations.
Each surface reconstruction was carefully inspected and topographical errors caused by lesions were semi-manually corrected with lesion inpainting. The 7T quantitative T 1 and T 2 * volumes were also corrected for gradient nonlinearity distortions and then registered to the subject's surface using rigid (6 degrees of freedom, DOF) and affine (12 DOF) surface registration methods. Finally, T 1 and T 2 * volumes were sampled at mid-cortical depth along the cortex and projected to the FreeSurfer average (fsaverage) space. Cortical thickness was computed to correct both metrics for partial volume effects on a per-vertex level.
| Combination of 7T quantitative maps
A spatial ICA (independent component analysis) was applied to the data to extract the myelin-specific signal shared by both metrics. This procedure produces a composite map, the CME map, that contains the myelin information from both the T 2 * and T 1 maps. The CME map has been suggested to be more specific to myelin content than the T 2 * and T 1 maps separately (Badji et al., 2017; Mangeat et al., 2015a Mangeat et al., , 2016 . In this study we used CME maps to study the cortical demyelination occurring in multiple sclerosis.
| Scan-rescan reproducibility of the 7T framework
To assess the reliability of the CME map as a biomarker of cortical demyelination, the scan-rescan reproducibility of the 7T metrics was assessed in four healthy volunteers. This was done by acquiring the 7T scan twice on the same day, with a short interval between the two imaging sessions during which the subjects were repositioned. The surface-based pipeline applied to the scan and the rescan datasets was exactly the same. For T 1 , T 2 *, and the CME metrics, the absolute difference in diffusion metrics was calculated by subtracting map 1 from map 2. The within-subject coefficient of variation was calculated according to the following equation: standard deviation (scan 1 and scan 2)/mean (scan 1 and scan 2). The spatial correlations between the scan and rescan maps were computed. The results are presented in Supporting Information S4.
| Reconstruction of structural networks 2.4.1 | Whole-brain tractography
Standard preprocessing of the diffusion-weighted images included correction for gradient nonlinearity, eddy current distortions and subject motion. DSI-Studio (http://dsi-studio.labsolver.org) was used to perform probabilistic fiber tractography using GQI (generalized q-sampling
imaging) reconstruction (Wang et al., 2015) . Diffusion-weighted images were reconstructed with a diffusion sampling length ratio of 1.25, as recommended in the literature (Yeh, Wedeen, & Tseng, 2010) . This length ratio defines the radius of the diffusion spins included in the orientation distribution function (ODF) estimation. Then, whole-brain tractography was conducted with whole-brain seeding. A default step size (0.75 mm), angular threshold (608), and quantitative anisotropy threshold (0.045-0.060%) were used.
| Anatomical parcellation
Due to the high anatomical variability of the cortical ribbon across individuals (Hutton, De Vita, Ashburner, Deichmann, & Turner, 2008; Mangeat et al., 2015a) , available volumetric Brodmann atlases, such as the Montreal Neurological Institute (MNI) atlas, did not properly fit the cortical ribbon of our subjects after a 12-DOF registration. To overcome this problem, we here propose a new method able to produce volumetric GM parcellation accurately registered to each subject's cortical ribbon. First, the PALS-B12 Brodmann area (BA) surface atlas (Van Essen, 2005) was projected onto each subject's native space using FreeSurfer (130,000 DOF deformation). The PALS-B12 BA (Van Essen, 2005) was chosen in view of previous studies that showed homogenous myeloarchitecture within functional areas (Abdollahi et al., 2014; Bock, Kocharyan, Liu, & Silva, 2009; Glasser and Van Essen, 2011; Nieuwenhuys, 2013) (Figure 1 ). Second, the surface atlases were converted to volumetric atlases and expanded to fill the entire cortical depth (Figure 2b ). These steps are further detailed in Supporting Information S3, and the script that was used to generate these results is shared as open source (https://github.com/neuropoly/ surface_based_tools/tree/master/atlas_generation). Figure 2 illustrates the overall framework used to compute the connectivity matrix.
| Matrix stability analysis
To assess the reliability of the connectivity data and improve the structural coherence of the parcellation, a bootstrap analysis was performed, using bootstrap analysis of stable clusters (BASC, Bellec, Rosa-Neto, Lyttelton, Benali, & Evans, 2010) , to estimate the stability of the connectivity matrices across subjects; BASC proceeds by repeating a clustering operation [here, a hierarchical agglomerative clustering with Ward's criterion (Ward, 1963) ] 1,000 times, and computes the frequency with which each pair of regions was assigned to the same FIG URE 1 Cortical myelin estimation framework from T 1 and T 2 * quantitative metrics at 7T. Combined myelin estimation (CME) was used aimed to estimate a cortical myelination trough combination of T 1 and T 2 * metrics. First, quantitative T 1 and T 2 * data were acquired at 7T. Using the FreeSurfer pipeline, data were sampled at the mid-cortical depth and then registered to a common surface template. An independent component analysis (ICA) was then used to extract the myelin information shared by T 1 and T 2 * as previously described in (Mangeat et al., 2015b) . Figure modified from (Mangeat et al., 2015b) [Color figure can be viewed at wileyonlinelibrary.com] cluster, called pairwise stability. The set of all pairwise stability measures forms a region 3 region matrix, which is in turn fed into a clustering procedure to derive consensus clusters. The consensus clusters are composed of regions with a high average probability of being assigned to a certain cluster across all replications, hence the name consensus.
The number of cluster was determined to maximize the intra-cluster stability while keeping an optimal functional distribution. Here, the random sub-sampled dataset was composed of 13 healthy controls, 13 multiple sclerosis patients, 1,000 iterations (Bellec et al., 2010 ). The stable clusters were then used as a basis for further network and statistical analyses.
| Network analysis
Connectivity matrices were computed by multiplying fiber counts and mean fractional anisotropy (FA) in order to avoid a fiber count bias in low FA areas (Betzel et al., 2014) . Graph analysis was performed using the Brain Connectivity Toolbox (https://sites.google.com/site/bctnet/) in order to express node properties of the WM structural network.
FIG URE 2 Cortical-based connectomics from 300mT/m diffusion imaging. a: Diffusion images were acquired on a 3T scanner with 3 shells (b-values 1k, 5k, 10k s/mm 2 ), then whole-brain tractography was conducted using GQI reconstruction in DSI-studio. b: The PALS-B12
Brodmann atlas was projected onto the subject's space, then converted to a volumetric atlas in order to build the matrix of connectivity across ROIs [Color figure can be viewed at wileyonlinelibrary.com]
Whole-brain graph theory measures include node strength, local efficiency, and clustering (Mohan, De Ridder, & Vanneste, 2016) .
The strength of a node (k i ) is defined as the sum of the weights (w ij ) of all the connections between a particular node and the remaining nodes in the network. The average node strength of the network is the overall arithmetic average of the strength of all the individual nodes in the network.
The local efficiency of a node (E loc,i ) corresponds to the efficiency of information transfer among the neighbors of a particular node. The local efficiency is directly proportional to the clustering coefficient of the node and is calculated from the functional distance matrix. It is calculated in the subgraph of the direct neighbors of i:
where, E loc,i is the local efficiency of the node i, and d jh (N i ) is the shortest path between j and node h that contains only direct neighbors of node i.
The clustering coefficient of a node (C i ) represents the degree of local connectivity of the node with its neighbors. Random networks have low average clustering compared with complex networks, the latter having higher clustering associated with locally specialized processing (Bullmore & Sporns, 2009 ).
This metric is calculated by estimating the number of triangles around the node i:
where, k i denotes the strength of node i, defined as S i 5 P j w ij , and a ij is an element of the underlying binary adjacency matrix.
| Statistical analysis 2.5.1 | Prediction of clinical measures
Multiple linear regressions were run using CME (whole GM average), strength, local efficiency, clustering (whole WM average) and age as regressors, and EDSS, MSSS, and disease duration as dependent variables. The accuracy of the regressions was assessed using leave-one-out cross-validation (Cook & Weisberg, 1982; Good & Hardin, 2003; Kunter, Nachtsheim, Neter, & Li, 2005) .
| Disease duration analysis
In the light of a recent study showing associations between cortical volumetric measures and connectome metrics across disease duration (Fleischer et al., 2016) , we decided to further analyze our data by dividing the patients into four groups on the basis of their disease duration:
0-1 year (n 5 4, mean age 35.0 6 8.4, four females), 1-2 years (n 5 6, mean 5 35.7 6 8.2, five females), 2-3 years (n 5 6, 39.8 6 8.0, four females), and 31 years (n 5 8, 42.6 6 5.0, six females).
The healthy controls were also divided into four groups that matched the average age of each of the patient groups: group 1: n 5 8, mean age 31.5 6 2.0, four females, group 2: n 5 10, mean age 32.5 6 4.2, six females, group 3: n 5 10, mean age 36.1 6 6.8, seven females, group 4: n 5 12, mean age 38.8 6 8.7, eight females. The stratification was done using the method of nearest neighbor matching with replacement (King, Nielsen, Coberley, Pope, & Wells, 2011; Stuart, 2010) of type N 1 4:N (Magnoni et al., 2015) .
| Disease duration analysis: whole-brain analysis
The patient groups were compared with their respective age-matched healthy control groups to assess the initial direction of the changes in network connectivity and myelin loss within the cortex.
For each metric (cortical myelin content, strength, local efficiency, and clustering respectively) and for each group, box plots as well as mean values and standard deviation were computed. For each cluster and each group, the variation rate, corresponding to the percentage normalized difference between multiple sclerosis patients and healthy controls, was calculated as follows: 100 3 (metric_MS 2 metric_HC)/ metric_HC.
ANOVAs were performed to determine whether disease duration had a significant effect. For each metric, a one-way ANOVA was computed as follows: the observations were the variation rate for each cluster (n 5 11) and the category was the disease duration group (n 5 4). For each metric and each group, the difference between multiple sclerosis patients and healthy controls was tested using a general linear model, including age and gender as regressors.
| Disease duration analysis: cortical cluster-based analysis
Student's t-tests were computed between the multiple sclerosis and matched healthy control groups. Moreover, bilateral t-tests on variation rates, paired for clusters, were computed between adjacent disease duration groups: G1-G2, G2-G3, and G3-G4. An additional t-test was computed between the groups showing the maximum variation: G1-G3. Significance thresholds were corrected for multiple comparisons within metrics.
The spatial relation between the variation rate of cortical myelin content and the variation rate of each of the connectivity metrics in stable clusters (node strength, clustering, and local efficiency) was tested using Spearman's Rho correlation coefficients.
| RE S U L TS
| Clustering and parcellation
The bootstrap analysis of the consensus clustering identified 15 stable clusters, which are shown in Figure 3 . Interestingly, most clusters were associated with a distinct functional area, for example cluster #3 with the right visual cortex, and cluster #4 with the motor cortex (for a list of all the clusters, see the Table in Supporting Information S5).
Moreover, the stability of clusters is high (>95%), which reveals a good reproducibility in cluster assignment.
Only the clusters with both CME and connectivity metrics were further considered for statistical analyses, therefore, clusters corresponding to the deep nuclei where CME could not be computed were discarded. Note that deep GM clusters were essential to compute the connectivity metrics as they are important hubs of the network.
Moreover, clusters where CME was unreliably computed due to excessive susceptibility artifacts in the temporal lobe (Marques & Bowtell, 2005) were also discarded. The remaining clusters were numbered 1-11. Figure 4 shows the results of the regression analyses for EDSS, MSSS and disease duration. The global accuracy (calculated for all data, shown as blue in Figure 4 ) was 0.5 (EDSS), 1.2 (MSSS) and 0.7 years (disease duration), corresponding to an absolute mean error of 20.1% (EDSS), 17.3% (MSSS), and 13.6% (disease duration). The crossvalidated accuracy (calculated for leave-one-out data, shown as red in Figure 4 ) was 0.7 (EDSS), 1.6 (MSSS), and 1 year (disease duration), corresponding to an absolute mean error of 29.1% (EDSS), 25.6% (MSSS), and 20.9% (disease duration). The Pearson correlation coefficients between each independent variable and their regressions were respectively: r 5 .67, p < 10 216 for EDSS, r 5 .67, p < 10 216 for MSSS, and r 5 .71, p < 10 216 for the disease duration.
| Statistical analysis 3.2.1 | Prediction analyses
We note that EDSS and MSSS show an error evenly distributed around the identity axis (magenta dashed line) while disease duration seems to be overestimated for low values (0-1) years, well estimated from 1 to 4 years, and underestimated after 4 years. The overestimation of the patients with a disease duration of 0-1 years FIG URE 3 Stability of the matrices after a bootstrap analysis, implemented in BASC (Bellec et al., 2010) . BASC proceeds by repeating a clustering operation [here, a hierarchical agglomerative clustering with Ward's criterion (Ward, 1963) ] 1,000 times, and computes the frequency with which each pair of regions was assigned to the same cluster, called pairwise stability. The set of all pairwise stability measures forms a region 3 region matrix, which is in turn fed into a clustering procedure to derive consensus clusters. The consensus clusters are composed of regions with a high average probability of being assigned to a certain cluster across all replications, hence the name consensus. Here, the random sub-sampled dataset was composed of 13 healthy controls (HC) and 13 multiple sclerosis patients (MS) subjects. The stability analysis generated 15 highly stable GM regions. Each color corresponds to a different cluster presented in Table S2 in Supporting Information [Color figure can be viewed at wileyonlinelibrary.com]
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could be due to the fact that they are affected by definite multiple sclerosis, which is, by definition, clinically and/or radiologically severe, as they already fulfill dissemination in space and dissemination in time criteria.
| | Disease duration analysis: Whole-brain
After dividing the multiple sclerosis patients by disease duration, clinical scores, and lesion volumes were calculated for each group, as shown in Table 1 . 
| Disease duration analysis: Cortical cluster-based
To further investigate the interplay between CME, connectivity changes, and disease duration, the variation rates (i.e., relative changes between multiple sclerosis patients and healthy controls) were computed for each stable cluster identified by the structural connectivity clustering. Figure 6 shows the outcome of this analysis for each disease duration group. Each stable cluster is represented by a specific marker (see legend in the top-right of the figure; the color coding is consistent with Table 1 and Figure 3 ). Significance thresholds were corrected for multiple comparisons within metrics.
The first graph in Figure 6a shows the variation of the CME metric as a function of disease duration. We can observe a large reduction in cortical myelin content in year 0-1 (G1): (t-test controls vs patients: p 5 .0015), 210 to 215% in the motor, premotor, somatosensory, and prefrontal areas, as well as about 25% in the visual, supramarginal, and inferior parietal areas. In years 1-2 (G2), loss of CME is still noticeable, although not significant (t-test controls vs. patients: p 5 .4), however the variation rate is significantly higher than that recorded for the G1 (t-test paired per cluster variation rate_0-1 vs. variation rate_1-2: p 5
.0004). In years 2-3 (G3), CME continues to increase significantly in   FIG URE 4 Results of the prediction analyses of clinical measures. Multiple linear regressions were run using CME (whole GM average), strength, local efficiency, clustering (whole WM average) and age as regressors, and EDSS, MSSS, and disease duration as dependent variables. The predicted values of EDSS, MSSS, and disease duration are plotted in the y axes while the true corresponding values are in the x axes. Leave-one-out bootstraps assessed the robustness of the predictions. In order to highlight the variability of the predicted values across the different training datasets, the data used in the training (blue dots) and the data not used in the training (red dots) were plotted in the graph at each cross-validation step. Hence, each red dot corresponds to one patient. All EDSS and MSSS scores are well predicted (r 5 .67, p < 10 216 , r 5 .67, p < 10 216 , respectively) while disease duration is very well predicted (r 5 .71, p < 10 216 ) [Color figure can be viewed at wileyonlinelibrary.com] multiple sclerosis patients (t-test paired per cluster variation rate_1-2 vs. variation rate_2-3: p 5 .004), with the largest changes (>5%) in the visual (3, 5 in Figure 6a ) and cingulate regions (2). Then, CME decreases in years 31 (t-test paired per cluster variation rate_2-3 vs. variation rate_31: p 5 8 3 10
26
), showing a significant loss compared with healthy controls (t-test controls vs. patients: p 5 .04). To summarize these results, cortical myelin, as measured with CME, was largely decreased at the time of diagnosis (year 0-1); thereafter an increase in myelin content relative to G1 is observed in years 1-3, followed by a decrease in years 31.
Interestingly, similar trends were observed for the connectivity metrics, as shown in Figure 6b (from left to right: strength, local efficiency, and clustering). While the overall evolution is similar to that observed with the CME, a notable difference is that, instead of a relative decrease in the metric (negative variation rate), only positive variation rates are observed. As seen with the CME, the 2-3 years group shows the highest connectivity metric values, recording significantly higher values compared with G1 (0-1 years) (p 5 .0006, p 5 .0001, and p 5
.0001 for strength, local efficiency, and clustering) and G2 (1-2 years) (p 5 .004, p 5 .007, and p 5 .02 for strength, local efficiency, and clustering), as well as a significant increase compared with the healthy control values (respectively, p 5 .01, p 5 .002, and p 5 .001). Loss of cortical myelin and increase in connectivity metric values thus appear to be synchronized, suggesting that the two phenomena are associated. This hypothesis will be developed further in the discussion.
As shown in Figure 7 , Spearman's correlation coefficients, across the clusters in each group, confirm the relationship between the variation rate of cortical myelin and that of each of the connectivity metrics.
The three connectivity metrics were found to be positively correlated with the cortical myelin variation rate, yielding Spearman's Rho correlation coefficients of 0.52 (p 5 .0003), 0.55 (p 5 .0001), and 0.53 (p 5
.0001) for strength, local efficiency, and clustering, respectively.
| D ISC USSION
In this study, we combined ultra-high field (7T) MRI and ultra-high gradient strength (300 mT/m, 3T) diffusion MRI to characterize myelin integrity in the cortex and WM of early-stage multiple sclerosis patients.
We developed an integrative framework to study topological alterations in both structural connectivity and cortical demyelination in these patients, and found that myelin-sensitive image contrasts, namely the CME map, together with diffusion-based graph theory metrics, can be helpful for characterizing, in vivo, microstructural tissue changes that accompany early cortical lesion pathology in multiple sclerosis.
We showed that WM connectivity metrics combined with CME can be used to predict disease duration, and MSSS and EDSS scores with good accuracy (respectively, 13.6, 17.3, and 20.1%). Moreover, we observed significant cortical myelin loss even in the subgroup with the shortest disease duration (0-1 year, p 5 .00025), and an increase in connectivity in two later diagnosed cohorts (disease duration 5 1-2 and 2-3 years, strength: p > 0.05, local efficiency: p > 0.01, clustering:
p > 0.01, corrected for multiple comparisons). Interestingly, similar trends were observed between CME and WM connectivity metrics Connectivity metrics and CME showed the highest values at 2-3 years disease duration, which suggests a possible role for compensation mechanisms in both remyelination and restructuring of the WM network, as will be further discussed below.
| Compensation mechanisms
With regard to the variation of CME across disease duration, remyelination of lesions has frequently been observed in multiple sclerosis Percentage of variation of the four multiple sclerosis groups compared with matched healthy control (HC) groups. A negative variation means a lower value in the MS group and a positive variation means a higher value in the MS group. Each stable cluster is represented by a specific marker and the color code of Table 1 and Figure 3 has been conserved. Paired t-tests were used to assess the evolution of the metrics across groups, p-values were corrected for multiple comparisons within metrics. a: Variation of the CME metric as a function of disease duration. We can observe a large reduction in cortical myelin content at year 0-1 (G1): (t-test HC vs. MS: p 5 .0015), 210 to 215% in the motor, premotor, somatosensory, and prefrontal areas, as well as about 25% in the visual, supramarginal and inferior parietal areas. At years 1-2 (G2), a loss of CME is still noticeable although not significant (t-test HC vs. MS: p 5 .4), however the variation rate is significantly higher than that for the 0-1 group (t-test paired per cluster VR_0-1 vs. VR_1-2: p 5 .0004). At years 2-3 (G3), CME continues to increase significantly in MS patients (t-test paired per cluster VR_1-2 vs. VR_2-3: p 5 .004) and then decreases at years 31 (t-test paired per cluster VR_2-3 vs. VR_31: p 5 8 3 10 26 ) and show a significant loss compared with HC values (t-test HC vs. MS: p 5
.04). The three graphs in (b) show from left to right: the variations rates of strength, local efficiency, and clustering across the disease duration groups. The key observation is that the overall evolution is similar to that observed with the CME, with the notable difference that instead of a decrease in the metric (negative VR), only positive VRs are observed, highlighting an increase of the connectomic metrics in MS, especially in the occipital-parietal areas. As seen for the CME, G3 (the 2-3 years group) shows the highest values in connectivity metrics, showing significantly higher values compared with G1 (0-1 years, p 5 .0006, p 5 .0001, and p 5 .0001 for strength, local efficiency, and clustering) and G2 (1-2 years, p 5 .004, p 5 .007, and p 5 .02 for strength, local efficiency, and clustering) as well as significant increases compared with HC (respectively, p 5 .01, p 5 .002, and p 5 .001 for strength, local efficiency, and clustering) [Color figure can be viewed at wileyonlinelibrary.com] uck, Kuhlmann, & Stadelmann, 2003; Patrikios et al., 2006) .
Recently, Strijbis, Kooi, van der Valk, and Geurts (2017) confirmed evidence (Albert, Antel, Br€ uck, & Stadelmann, 2007; Chang et al., 2012; ) that remyelination is present in multiple sclerosis, and extended the previous authors' findings by showing that there is more remyelination in the GM than in the WM (75 vs. 50% of total lesion lengths). In their work, conducted in a large, high-quality postmortem multiple sclerosis sample, they scored remyelination in cortical lesions using a semiquantitative scoring method (Strijbis et al., 2017) .
The above-described increase in connectivity points to a structural reorganization in early-stage multiple sclerosis patients compared with healthy controls. This reorganization could be a mechanism of the brain, serving to compensate for the damage occurring in the early stages of the disease. Similar results were found in functional MRI (fMRI) studies, showing increased connectivity in the default-mode network and the frontoparietal network in multiple sclerosis patients, as well as in patients with clinically isolated syndrome (De Stefano et al., 2003; Meijer et al., 2017) .
While studies with fMRI demonstrated functional changes in all multiple sclerosis phenotypes, increasingly sophisticated structural connectivity techniques are now making it possible to detect compensatory mechanisms. Fleischer et al. (2016) , for example, showed that increased recruitment of brain networks might have an adaptive role.
| Spatial distribution of myelin and connectivity changes
Our results show that the CME and connectivity values are overall higher in the occipital-parietal areas (see Figure 6 ), hence we could speculate that these regions are more prone to compensatory mechanisms. This hypothesis is strengthened by previous studies suggesting that visual recovery after acute episodes of optic neuritis in MS patients might be associated with cortical reorganization at the level of the occipital cortex (Gallo, Bisecco, Bonavita, & Tedeschi, 2015; Toosy et al., 2002; Werring et al., 2000) . Additionally, evidence of frontal and parietal compensatory mechanisms has also been provided by functional studies and linked to improved cognitive functions (Mainero et al., 2004; Staffen et al., 2002; Sundgren et al., 2015) . Despite the fact that the trends observed in the current study seem to align with past literature, the current number of patients is still relatively small and hence those observations need to be confirmed/infirmed in larger studies.
| Comparison with previous studies
As we have done in the present study, Fleischer et al. (2016) evaluated the reorganization of structural networks in early-stage multiple sclerosis patients in relation to GM pathology. In their study, they evaluated the reorganization of structural networks through a topological analysis of WM and GM connectivity and reported that both WM and GM networks present an increase in local connectivity in the early disease stages, after which this declines as the disease progresses. Although their findings support the trends observed in our research, important methodological differences between the two studies need to be considered. In the study of Fleischer et al. (2016) , GM changes were assessed using voxel-based morphometry, whereas in the present study, changes in the GM were evaluated using relaxation properties (T1 and T2*), which provide a more specific marker of demyelination (Cohen-Adad et al., 2012; Filippi et al., 2014; Mainero et al., 2015; Mangeat et al., 2015c) Visual quality checks of the volumetric 12-DOF registration of cortical atlases to the subject's space revealed registration errors of several millimeters in many cortical areas, plus some areas overfill into adjacent gyri, while no such error was noticeable using the surface-based method.
Additionally, we used a method called bootstrap analysis of stable clusters to extract the stable features of a random clustering of our matrices of connectivity (Bellec et al., 2010) . This method has already been applied to fMRI datasets and has several benefits (Bellec, Marrelec, & Benali, 2008; Kelly et al., 2012) . For instance, it can be used to investigate stable networks, both at the level of individual subjects and at the level of a group, and provides a measure of network stability (Bellec et al., 2010) . This measure of stability could thus be used to select the number of stable networks for subsequent analyses (Bellec et al., 2010) as it was in our study of interplay between CME and connectivity across disease durations.
| Causality
Although an association between cortical demyelination and increased structural connectivity was observed in the present study, we do not have elements allowing us to draw conclusions on the causality of these two events. The question thus remains, does demyelination influence structural reorganization, or vice versa? Longitudinal studies could help to address this issue, although it may be speculated, in accordance with Fleischer et al. (2016) , that cortical myelin loss is a feature of the early stage of the disease, and is followed by an increase in local connectivity that may be interpreted as a primordial response of the brain to disseminated damage, serving to maintain brain homeostasis.
| Limitations
Although T 2 * and T 1 are more specific to myelin content when used in combination as opposed to separately (Mangeat, et al., 2015a (Mangeat, et al., , 2016 , the use of CME maps as a measure of actual myelin requires further validation, particularly with respect to their accuracy. For example, CME could be partly affected by diffuse cortical inflammation.
Another limitation is the possible tractography bias induced by the WM focal lesions. The aim was to measure the loss of connectivity due to WM lesions, but their presence can sometimes hamper tractography results. Indeed, FA has been reported to decrease in focal multiple MANGEAT ET AL.
| 2143 sclerosis lesions (Schneider et al., 2017) , which might hamper our ability to reconstruct proper connectivity matrices using tractography. To minimize this undesirable effect, we set a threshold angle in order to discard any tracts with abrupt changes of direction. Other methods, such as masking diffusion volumes with WM lesion masks could also be applied. In our work, we studied a cohort of early multiple sclerosis patients with a fairly low WM lesion load, therefore the problem of tractography errors due to WM lesions was less of a concern.
| Perspectives
The combination of fMRI and brain connectivity metrics should allow a more comprehensive understanding of how structural changes in brain networks are associated with cortical demyelination in the early stages of multiple sclerosis.
The results of our study have important implications for future studies. A major goal will be to investigate how these adaptive proc- 
